We examine the effects of the urban built environment on PM 2.5 (fine particulate matter with diameters equal or smaller than 2.5 µm) concentrations by using an improved region-wide database, a spatial econometric model, and five built environment attributes: Density, design, diversity, distance to transit, and destination accessibility (the 5Ds). Our study uses Shanghai as a relevant case study and focuses on the role of density at the jiedao scale, the smallest administrative unit in China. The results suggest that population density is positively associated with PM 2.5 concentrations, pointing to pollution centralization and congestion effects dominating the mitigating effects of mode-shifting associated with density. Other built environment variables, such as the proportion of road intersections, degree of mixed land use, and density of bus stops, are all positively associated with PM 2.5 concentrations while distance to nearest primary or sub-center is negatively associated. Regional heterogeneity shows that suburban jiedao have lower PM 2.5 concentrations when a subway station is present.
Introduction
With rapid urbanization, many cities in China are suffering from one of the worst levels of air pollution in the world [1] [2] [3] . In 2015, there were 86 days during which average air pollution levels exceeded the standards set in China for PM 2.5 (fine particulate matter with diameters equal or smaller than 2.5 µm), O 3 , and PM 10 (fine particulate matter with diameters equal or smaller than 10 µm), the principal air pollutants. Of those, PM 2.5 , the main pollutant in China [4, 5] , accounted for 66.8% of the days when pollution levels were too high, and O 3 and PM 10 accounted for 16.9% and 15% each, respectively. There is growing evidence that long-term exposure to PM 2.5 contributes to increased risk of cardiovascular disease [6, 7] and mortality [8] [9] [10] . A 2013 meta-analysis of studies worldwide indicates that a 10 µg/m 3 incremental increase in long-term average ambient PM 2.5 concentrations is associated with approximately a 6% increased risk of all-cause mortality and a 15% increased risk of cardiovascular disease mortality [8] . Increases of PM 2.5 concentrations also reduces the happiness of urban residents [11, 12] . On polluted days, people are more likely to engage in impulsive and risky behavior that they may later regret [13] . Such behavior may be rooted in short-term depression and anxiety. Therefore, reducing PM 2.5 is the key task for air quality improvement. Of the two mains sources of local emissions of PM 2.5 , industrial production and transportation [14] , the present research focuses on transportation. Transportation is closely related to the urban built environment through traffic infrastructure and the travel behaviors of residents [14, 15] .
The effect of density on air pollution remains the subject of controversy despite the significant evidence urban geographers and urban planners have gathered on the relationships between the urban
Literature Review and Theoretical Hypothesis
Much literature has explored the influence of the urban built environment on air pollution. The urban built environment, which shapes transport behaviors, is typically classified into five elements: (1) Density, (2) design, (3) diversity, (4) distance to transit, and (5) destination accessibility [20, 21] . PM 2.5 concentrations, air pollution, emissions, density, population density, and built environment were used as keywords to search the literature; in particular, much attention was paid to the impact of density on PM 2.5 concentrations.
Density
The large amount of literature on the relationship between density and air pollution can be split into disaggregate and aggregate studies according to the sample data types. Disaggregate data is based on individual-level surveys and calculates individual emissions from reported travel information. Aggregate data refers to actual measured regional air pollution data, mainly from satellite remote sensing and ground observation stations. Studies that rely on disaggregated data tend to show a negative link between population density and individual motor vehicle emissions. Under the assumptions these studies work under, areas with high population density will have shorter travel distances between housing and employment and switch individuals' travel mode from private vehicles to public transit or walking, so as to reduce individual traffic off-gas emissions [22] [23] [24] [25] [26] . Gaigné et al. (2012) , however, based on a theoretical model, stated that policies aimed at increasing density affect wages, prices, and land rent, which in turn incentivizes households and firms to reselect locations and generate higher levels of pollution [27] .
Most studies based on aggregate data, on the other hand, suggest that higher urban population density will not only concentrate private car use, but also cause congestion and slower travel speeds, and therefore increase pollutant concentrations [18, 19, 28, 29] . However, studies at lower levels of aggregation found a negative link between density and traffic emissions. New urbanism and smart growth have advocated a more compact, diversified, and walkable built environment by delineating urban growth boundaries and infilling development to alleviate traffic emissions caused by high dependencies on cars [30] [31] [32] . Many new urbanists argue that high density reduces traffic emissions by improving accessibility and reducing car-use [16, 17] , and that further, a smart growth mode focusing on urban redevelopment is also conducive to the slowing down of urban sprawl, which leads to a decrease in commuting distances and the protection of suburban ecology [33] .
Although, from the view of aggregate data, new urbanism and smart growth have guided the planning and construction of some American cities, controversies on their applicability have been raised in China. Different from the low-density sprawl in American cities, residences and employment in Chinese cities are still localized in the center of the city, where it is still densely populated and has not experienced shrinking [34] . In short, due to these differences in cities, whether Chinese cities, especially mega-cities, are suitable for the high-density mode planning requires more empirical testing.
Design
Design in the context of the relationship between the built environment and air pollution is largely confined to measures of road and road intersection density. Research on these relationships showed that improvements to road network connectivity can alleviate congestion to some extent [35] . However, studies that attempted to analyze this link more rigorously found that a high density of intersections causes more speed changes and a lower average travel speed, which all together reduce fuel efficiency and increase exhaust emissions [15, [36] [37] [38] .
Diversity
A more diverse mix of land uses is beneficial to achieving an employment-housing balance. It contributes to shortening travel lengths, thus reducing car driving [39, 40] , and, consequently, decreasing traffic-related emissions. However, a greater availability of service facilities will increase residents' travel frequency and augment traffic emissions in densely populated cities [41] . Yang and Cao (2018) found that the higher the community land use mixture, the more likely it will be for residents to emit more exhaust during recreational activities [42] .
Distance to Transit
A convention in the mainstream literature is that the shorter the distance to bus stops, the more likely travelers are to employ public modes of transportation [43] [44] [45] . This reduces exhaust emissions since transit trips have lower per-person emissions than car driving [46] . However, recent studies demonstrate that living near bus stops does not significantly change the travel mode of existing car drivers [47] [48] [49] , and a single bus, using diesel rather than gasoline, emits more pollutants compared with a private car because of a lower fuel efficiency. Moreover, buses have a higher frequency of stops/starts than private cars, which further increases emissions [50] . Another hotspot of public transit research is rail transit. Based on the same general argument as with bus stops, highly accessible stations lead residents to switch to rail transit and reduce local emissions in the process [51] [52] [53] . However, in this case too, some studies have found that this mode-shifting effect does not exist, especially for cars [54] .
Destination Accessibility
Kahn (2000), in a study based in the United States, declared that residents of suburbs, often low to very low density areas, tend to rely on private cars for their commute, which are also longer [55] . It follows that more traffic emissions should be expected in suburbs than in city centers [56] . However, these results are context specific. China is characterized by different built environment attributes. Generally, the further residents are from the city center, the lower the likelihood of private car ownership and the lower the emissions [57, 58] .
Theoretical Hypothesis
Based on the overview of the literature, it is apparent that the effects of the built environment, especially population density, on air pollution are mixed. It does not mean that some conclusions are correct and others are wrong. As we have discussed, the conclusions may vary with the context and data types. Therefore, to minimize these issues, we propose a theoretical hypothesis about the relationship between population density and pollutant emissions.
High density has the following three effects: (1) Mode-shifting effect: High population density shortens individual trip distances between houses and places of employment and enables walking and biking, thus reducing private car dependency and decreasing traffic emissions; (2) congestion effect: An increase in the population density above a certain threshold will lead to high traffic congestion, lower driving speeds, and increased frequency of speed changes, all of which will reduce energy efficiency and increase exhaust emissions; (3) pollution centralization effect: Even if individual emissions decrease in dense areas, a high population density drives up the total number of driving cars, leading to an increase in total vehicle trips. If the mode-shifting effect is larger than the total of the congestion and centralization effects, a high density may be related to emissions reduction; otherwise, high density will result in a higher exhaust emission intensity. Therefore, the final effect of density on pollutant emission intensity depends on the relative magnitude of the three effects.
In addition, we identified three shortcomings in the previous literature, which might lead to ambiguous evidence and contribute to the mixed findings. First, due to the airborne nature of pollutants, pollution in adjacent areas influences each other. That is, there is a strong spatial autocorrelation of air pollutants in adjacent areas. However, most previous studies lack consideration of this factor and use classical statistical methods, such as ordinary least squares (OLS) [18, 19] and correlation coefficients [59] , which assume independent distribution, leading to estimation bias. Second, the resolution at which pollutant data are mapped in aggregate studies is usually 10 km × 10 km [60, 61] , which is too imprecise to identify the effect of the built environment at the scale of a city. City boundaries are irregular, so that too low a resolution can lead to erroneous descriptions of the values within city boundary areas. Third, the five types of built environment attributes are closely related and cumulatively describe the different aspects of the built environment. No studies have yet focused on all five attributes, which may cause omitted variables estimation bias. This study aims to address these shortcomings with more precise data and a robust method.
Methodology and Data

Research Framework
The objective of this paper is to examine the impact of the urban built environment on PM 2.5 concentrations with a focus on density. We begin with the following theoretical framework (shown in Figure 1 ). The urban built environment attributes, often shortened to the '5Ds,' are density, design, diversity, distance to transit, and destination accessibility [20] . Together, these attributes affect PM 2.5 concentrations through residents' travel behaviors, including travel mode, travel distance, travel time, and travel frequency. Constrained by data availability, these behavior variables are not directly measured and included in our model. Still, they are indispensable as mediating variables and are therefore marked with the dashed box. PM 2.5 concentrations depend only on emissions and diffusion conditions, which is directly determined by the built environment, economic, social, meteorological, and other pollution related factors, which we can more easily include. For the selection of specific variables, emission factors mainly include road, bus stop density, subway station density, and pollution enterprises. Diffusion factors mainly include density, monsoon (represented by distance from the southeast point), etc. This comprehensive framework reduces the risk of omitting variables that influence PM 2.5 concentrations, thus reducing bias in our estimation. The jiedao (in Chinese, a grassroots administrative division in China) was selected as a spatial alternative. There are several reasons: Firstly, previous studies have regarded the city as a homogeneous surface. However, the actual population distribution within the city is highly uneven. The population density will rapidly decay or increase at distances from a few kilometers to a dozen kilometers. Therefore, it is necessary to explore the impact of density changes within the city. Secondly, the jiedao (or town) is the smallest administrative unit in China. The average area of a Shanghai jiedao is as small as 30 km 2 , which can finely capture the spatial differences of population density and PM 2.5 concentrations inside the city. Finally, this paper takes travel behavior as a mediator between density and PM 2.5 concentrations. Likewise, scholars who study travel behavior are paying increasingly more attention to microscopic geographic units, such as the traffic analysis zone [62, 63] and Chinese jiedao [64] .
Model
Previous studies have used multifarious research strategies to estimate the influence of built environment attributes on air pollution [29, [65] [66] [67] . Given that administrative divisions do not constrain the diffusion of PM 2.5 , we expect significant spatial dependency between adjacent regions, which violates the independent distribution assumption of the error term in OLS estimation. Therefore, we chose a spatial econometric model specification for the regressions. The spatial econometric model fully considers the spatial dependence among the cross-sectional units, and builds a spatial weight matrix to incorporate the positional relationship among units. The matrix of weights can be based on whether spatial units are adjacent, a straight-line distance, or transport distance. Spatial econometric models are further differentiated between a spatial error model (SEM) and spatial lag model (SLM). When the spatial dependence of the interpreted variables has a significant effect on the model, the SLM is more appropriate. When the model error terms are spatially related, an SEM is used. Regardless of their respective strengths, the SEM and SLM are appropriate whenever variables are spatially correlated, but it is necessary to test for spatial effects of the dependent variable to choose one or the other. The results of the relevant tests are shown in Table 1 . First, the Moran's I is positive and significant at the 1% level. It indicates that regions with high PM 2.5 concentrations are generally surrounded by similar regions, and vice versa. This phenomenon supports the existence of spatial dependency among adjacent regions and complies with the conditions for spatial econometric estimations. Second, for both the Lagrange multiplier (LM) and robust Lagrange multiplier (robust LM), which indicate whether the model's error term has a sequence correlation, the significance of the SLM is superior to the SEM. According to Anselin (2013) , when the significance of the SLM is superior to the SEM, and the SLM is significant and the SEM is not, the SLM should be chosen [68] . We conclude that the SLM is the optimal method for this study and thus applied the following Formula:
where Y i and Y j refer to PM 2.5 concentration values of jiedao i and j; X ir is the independent variable, r, in jiedao i, m represents the number of independent variables, and n = 225, which represents the number of jiedao in Shanghai; W ij is a matrix of spatial weights indicating the spatial relationship between jiedao i and j. We set an inverse distance weight matrix (1/d ij ), which means that the smaller the distance between jiedao, the bigger the weight. The vector of independent variables includes measures of the five urban built environment attributes and other control variables. In this paper, the urban built environment variables were the population density, proportion of road intersections, degree of mixed land use, distance to nearest primary or sub-center, and density of bus stops. Other control variables included the economic density, gender ratio, influence of adjacent regions, density of pollution intensive firms, and meteorological factors [56, 69, 70] .
Measurement of Variables and Data
In May 2012, the China National Environmental Monitoring Centre issued the "PM 2.5 automatic testing instrument specifications and requirements", which require all major cities to monitor PM 2.5 concentrations. In 2013, the first full year of environmental air quality monitoring and implementation, the number of high air pollution days (air quality index > 100) in Shanghai was 125. PM 2.5 , as the primary and most common pollutant, was responsible for the index being above the threshold on 70.2% of those days. Therefore, we focused specifically on the impact of urban built environment characteristics on PM 2.5 concentrations for 2013. The Shanghai government consists of 15 municipal districts and one county through which it collects data on 225 jiedao as local indicators for the towns, industrial parks, etc. The correspondence between jiedao and local areas allows us to match data from different sources. Herein, we refer to those areas of data gathering simply as jiedao.
The Socioeconomic Data and Applications Center (SEDAC) established at Columbia University in the United States aims to provide information pertinent to scientific and social-economic studies all over the world. The Center has assembled a database that includes 1998 to 2016 global surface PM 2.5 concentrations in raster format at the 1 km × 1 km definition. It estimates ground-level fine particulate matter (PM 2.5 ) by combining aerosol optical depth (AOD) retrievals from the National Aeronautics and Space Administration (NASA), Moderate Resolution Imaging Spectroradiometer (MODIS), Multiangle Imaging spectroradiometer (MISR), and Sea wide field remote sensor (SeaWIFS) instruments with the global 3-D model of atmospheric chemistry driven by meteorological input from the Goddard Earth Observing System (GEOS-Chem) chemical transport model, and subsequently calibrated to global ground-based observations of PM 2.5 using geographically weighted regression (GWR) [71] .
The combination of the SEDAC data with the Shanghai-specific data enables us to greatly improve on the PM 2.5 resolution used in many previous studies. We used the Shanghai jiedao-scale administrative zoning map to extract the raster data values from SEDAC with Arcgis software, and calculated PM 2.5 concentrations values according to the following Formula:
where PM 2.5i refers to the PM 2.5 concentration value (µg/m 3 ) in jiedao i; S ij is the area of the raster cell, j, in jiedao i; PM2.5 ij is the PM 2.5 concentration value of raster j in jiedao i; n represents the number of raster cells in jiedao i.
The urban built environment variables were defined as follows. Population density was calculated by using the permanent population of Shanghai jiedao from the Sixth National Census in 2010 divided by the corresponding jiedao area. Since serious collinearity issues exist between the density and density of road intersections (Pearson correlation coefficient = 0.7), the design variable was represented by the proportion of the total road intersections in Shanghai within the jiedao area. The types of roads included urban expressway, highways, county roads, and township village roads. We defined land use diversity as:
where MIXi is the degree of mixed land use of jiedao i; p iq represents the area of type q in jiedao i; q = 1, . . . , n; n = 15. We used the Euclidean distance to calculate the distance to the nearest primary or sub-center. Shanghai has one primary urban center (People square) and four sub-centers (Xujiahui Jiedao, Wujiaochang Jiedao, Huamu Jiedao, Zhenru Jiedao), which was sourced from http: //finance.ifeng.com/news/region/20110915/4591923.shtml. The density of bus stops was calculated by dividing the number of bus stops by the corresponding jiedao area. The bus stop data was sourced from the Beijing City Lab.
To match the existing literature, we developed a number of control variables. Economic density, as measured by Gross Domestic Product (GDP) data at the jiedao scale, is difficult to obtain. As an alternative, we obtained the number of firms within the boundaries of each jiedao and normalized it to the jiedao area. Data on the number of firms was sourced from the Shanghai Economic Census in 2013 (http://www.stats.gov.cn/tjsj/pcsj/jjpc/3jp/indexch.htm).
The gender ratio is more easily measured. We included this measure because previous studies have suggested that males prefer to drive [72] , so the gender ratio (male/female) can reflect the influence of social factors on PM 2.5 concentrations through travel type. Data was sourced from the Sixth Census Data of Shanghai Jiedao in 2010 (http://www.stats.gov.cn/tjsj/tjgb/rkpcgb/dfrkpcgb/ 201202/t20120228_30403.html).
The volatile nature of air-borne pollutants creates issues of regional spillover. The 2013 Shanghai environment bulletin revealed that adjacent provinces significantly affect PM 2.5 concentrations in Shanghai. Specifically, the region north-west of Shanghai had a particularly high level of spillover into the area while the influence of the region to the south-east remained relatively low [73] . Therefore, we selected a point (121.96 • E, 30.79 • N) at the southeastern corner of Shanghai, and treated the distance of each jiedao's geometric center to this point as a proxy variable of the influence of adjacent regions. The further the distance is, the bigger the impact will be.
The density of pollution-intensive firms is another important contributor to local concentrations of pollutants. The Ministry of Environmental Protection of China published guidelines in 2010 that led to the selection of 15 kinds of industries as heavy pollution industries. We used this guideline to calculate the number of heavy pollution firms within jiedao to isolate the effect of industrial production. Heavy pollution industries included thermal power, steel, cement, electrolytic aluminum, coal, metallurgical, chemical, petrochemical, building materials, paper making, brewing, pharmaceutical, fermentation, textile, leather, and mining industries. Pollution intensive firms' data was sourced from the Chinese Industrial Firms Database of 2013.
Finally, meteorological factors influence pollution levels. The temperature, precipitation, wind speed, etc., can all affect PM 2.5 concentrations in a region. Given the difficulty of obtaining meteorological data precise enough to match Shanghai's 225 jiedao, and the meteorological continuity between individual jiedao, differences between jiedao can be neglected. We therefore assumed that these factors are constant throughout the region and omitted them in this paper. Concerning all the variables, considering the unit and magnitude differences, and making the data structure smoother, PM 2.5 concentrations, POPDEN, PROCROSS, DISTOWN, ECONDEN, and INFADJA, are logarithmically processed in Table 2 . Correlations and variance inflation factor (VIF) of OLS were further calculated and showed that all VIF values were less than 4, indicating that the collinearity problem was not serious. Figure 2 displays the spatial distribution of Shanghai's PM 2.5 concentrations and population density, in which the color scale is divided into five levels by the technique of "Jacks natural break point" in Arcgis, which can achieve the smallest variance within the group and the largest variance between groups. The concentrations of PM 2.5 in Shanghai show a pattern of high concentrations in the northwest to low in the southeast, which confirms the important influence of adjacent areas. The World Health Organization (WHO) recommends average PM 2.5 concentration values below 10 ug/m 3 as the safe standard. People are vulnerable to diseases when concentrations reach 35 ug/m 3 . The mean PM 2.5 concentrations in Shanghai is 55 ug/m 3 . There is therefore a great disparity with the goals established in the "Shanghai 2040" program, which requires that the "PM 2.5 concentration value must be controlled under 20 ug/m 3 ". In addition, Shanghai's population density decreases from the central city to the periphery, indicating that the central city is still the population agglomeration area of Shanghai. 
Empirical Results and Discussions
Descriptive Analysis
Regression Results and Discussions
Each model in Table 3 reports heteroscedasticity robust standard errors in parentheses. Across all specifications, the adjusted R 2 is about 0.7, signifying a strong explanatory power of the models. Note: Column (1) in Table 3 shows the OLS result, columns (2-7) summarize the baseline results and robust tests, and column (8) shows the results of the same model after including an interaction term between the land use diversity and distance to nearest primary or sub-center. ***, **, and * indicates significance at the 1%, 5%, and 10% levels, respectively. The robust standard error is shown in parentheses. ρ is the spatial correlation coefficient of the dependent variable. σ is the standard error of the error term.
The results suggest that an increase of population density will generate more emissions. Population density is positively associated with PM 2.5 concentrations across all specifications, supporting one stream of the literature [18, 19, 28, 29] . Based on this literature, a likely explanation is that congestion effects and centralization of car use outweigh any benefits that density may bring.
Firstly, trip lengths are generally shorter in a high density area [21] ; the traffic speed, however, will be reduced due to greater congestion in high density areas. Secondly, though motorization ratios are relatively low by the standard of most developed countries, areas with high population density might have larger volumes and a higher intensity of emissions simply owing to the high centralization of population and cars. Moreover, in contrast to western developed countries, car ownership in dense areas of Chinese cities is often higher than in other areas because richer households in China tend to live in dense areas [74, 75] . Lastly, the high density of buildings reduces wind speeds and air pollution diffusion.
We conducted a series of robustness tests for possible measurement errors in satellite measurements. We firstly changed the dependent variable from a continuous variable to a dummy one. Specifically, when the mean value of PM 2.5 concentrations was 55 and the jiedao concentration value was greater than or equal to 55, we assigned the dummy as 1, and otherwise we assigned it as 0. The regression results stayed robust and indicated that the increase in population density is more likely to cause the PM 2.5 concentrations to exceed the standard (mean = 55). Then, we added or subtracted 3 (S.D. = 3) on the basis of 55, and reconstructed the dummy variable with 52 ( Table 2, column  3) and 58 (Table 2 , column 4) as the standard, and the coefficients were still significantly positive. Secondly, the non-satellite measurement PM 2.5 data was used as a replacement of the dependent variable. This database was newly published by the Department of Environment Science, Peking University, and has a resolution of 10 km x 10 km, which is less accurate than the data used in this paper before, but with the advantage of compiling 64 fuel consumption data instead of satellite [76] . The result (Table 3 , column 6) shows that the population density is still significantly positive with PM 2.5 concentrations. Thirdly, it must be acknowledged that although satellite measurement may result in minifying intra city variations, this measurement error is not necessarily related to the explanatory variables (population density) nor to the dependent variable (actual PM 2.5 concentrations). According to econometric theory, the random exogenous measurement error of the dependent variable does not affect the magnitude of the independent variable coefficient, but will increase the standard deviation. Therefore, the result will be more significant when using more accurate metrics to replace satellite measurement data. Therefore, after implementing these kinds of robust tests, it was found that the measurement error of the dependent variable does not affect the robustness of the conclusion.
Considering the controversial nature of these results, which go against the established conventions of planning, we emphasize that the results are dependent on whether the data are at the individual or region level. Our results are not incongruent with the view that density reduces pollution in so far as high density built environment might reduce individual traffic emissions, but the evidence suggests congestion and centralization effects increase emission at the regional level. The squared term of density has been further tried and was not significant (see Table 3 , column 7), which indicates that the effect of density on PM 2.5 concentrations is monotonous and there is no inflection point.
The proportion of road intersections has a positive effect on PM 2.5 concentrations, suggesting that increases in the number of road intersections will slow the speed of motor vehicles and augment the frequency of stop/start, leading to an additional release of tail gas. In addition, wear to the road, tires, and brakes is a source of particulates-intersection density and associated stop/start will contribute to non-combustion particulars. Bus stop density was significantly positive at the 1% level, suggesting that setting up more bus stops increases atmospheric pollution.
This result matches anecdotal evidence and can be interpreted in two ways. First, even if the travel mode changes, bus pollution per person is not necessarily lower than cars. Buses use diesel, which is less energy efficient than the gasoline used by private cars. Second, the frequency of stop/start of buses is much higher than private cars, and buses will not always follow the most efficient route on a trip to allow for stops where passengers live.
The MIXLAND and DISTOWN (ln) variables in columns (1) and (2) were non-significant, but the two turned significant after the interaction term was added into column (8) . The interaction term was also significant. While greater land use diversity can stimulate residents' travel frequency, and boost exhaust emissions, land use diversity has a positive correlation with PM 2.5 concentrations in column (8) . Distance to a center was negatively associated with PM 2.5 concentrations, indicating that the further away from the city center, the lower the PM 2.5 concentrations. According to the Fifth Comprehensive Traffic Survey in Shanghai (2014) [77] , there are 1.52 million motor vehicles in the central city and 670,000 in the suburbs. We surmise that people give up unnecessary travel demands when the distance to nearest primary or sub-center increases gradually. The positive sign of the interaction term suggests that increases in the degree of mixed land use in new towns can boost local travel frequency; namely, the pollution-reduction effect in the urban center is bigger than the suburb.
This shows a contradiction between Shanghai's Twelfth Five-Year Plan and the Shanghai 2040 goals. The urban construction hot spots the plan proposed in the suburbs and new satellite towns can significantly improve the local land use diversity, but also stimulates travel demand and make residents abandon superfluous trips because of excessive distance thus increasing local travel frequency. At the same time, larger open spaces and greater wind speeds in suburbs are conducive to the diffusion of air-borne pollutants.
Among the control variables, consistent with theoretical expectations and intuition, economically developed areas, greater proportions of males, the centralization of highly polluting firms, and west Shanghai locations are all associated with higher PM 2.5 concentrations.
Regional Heterogeneity
In Shanghai, the outer ring road usually serves as the boundary between the central city and the suburbs. The built environment in the central city in Chinese cities is very different from that in the suburb. The central city is far higher than the suburb in terms of population density and infrastructure. Therefore, we divided the sample into a central city and a suburban sub-sample to explore how regional heterogeneity affects the results. As shown in Table 4 , the significance of the regression results is nearly equal to those in Table 3 . It illustrates that regional heterogeneity does have an effect on the impact of population density on PM 2.5 concentrations in Shanghai. Note: ***, **, or * indicates significance at the 1%, 5%, and 10% levels, respectively. The robust standard error is shown in parentheses. ρ is the spatial correlation coefficient of the dependent variable. σ is the standard error of the error term.
The signs of the built environment variables are mostly in accordance with those in Table 3 . Among those, population density is positively associated with PM 2.5 concentrations both in the central city and the suburbs. The nonlinearity tests for the population density of the central city and suburbs were conducted again and both were found to be insignificant (Table 4 , column 10 and 12). Mixed land use, density of bus stops, distance to nearest primary or sub-center, and the interaction term were shown to have significant influences on PM 2.5 concentrations only in the central city, while the proportion of road intersections affects PM 2.5 concentrations in the suburbs.
The subway station density (SUBDEN) and station (dummy) were added into column (9) and (11), respectively. The results suggest that (1) the subway station density in the central city is non-significant. A possible explanation is that nearly all jiedao in the central city have subway stations and, furthermore, each jiedao's area is relatively small. Therefore, a jiedao with low subway station density will be surrounded by jiedao that do have stations a short distance away, such that differences among jiedao in the central city are minimal. (2) The sign of the dummy variable indicates that a suburban jiedao that has a subway stations is negative. Suburban subway stations density is 1/6 of the central city, so, adding a subway station in the suburb has a much greater impact on the marginal effect on PM 2.5 concentrations reduction.
The spatial distribution of rail transit has a significant effect on residents' travel mode choice. Previous empirical studies show that residents living close to subway stations are less likely to buy a new private car and more likely to use the subway for commuting [78, 79] . By the end of 2013, the Shanghai rail transit network had a total line length of 567 kilometers and owned 331 stations. Fifty percent of the subway stations were within the central city boundaries. It follows that the marginal pollution reduction effect of adding a subway station in the suburbs is much higher than in the central city.
It is worth noting that economic density and the distribution of pollution-intensive firms are no longer significant in both the central city and the suburbs. These variables in the central city and suburbs are relatively homogeneous, resulting in non-significant coefficients.
Conclusions
This paper contributes to the literature on the links between the urban built environment and concentrations of PM 2.5 , one of the most noxious and common sources of air pollution associated with urban activity. The analysis improves on previous research thanks to the combination of spatial econometric models and high-resolution PM 2.5 data within a framework that includes all five of the main built environment attributes.
We found, based on a case study of Shanghai, that population density is positively associated with PM 2.5 concentrations, probably indicating the effects of centralization and congestion outweigh the benefits of mode-shifting to public transit associated with high density urban areas. The other built environment variables, proportion of road intersections, land use diversity, and density of bus stops, are all positively associated with PM 2.5 concentrations. Distance to the nearest primary or sub-center is negatively associated. Regional heterogeneity showed that a suburban jiedao has lower PM 2.5 concentrations when a subway station is available.
The results have implications beyond their academic contribution for urban development in fast growing Chinese cities. First, urban developers and policy makers should be cognizant of the trade-off between population density and congestion. In the interest of avoiding excessive pollution concentrations, moderate density may be preferable to high density development. Second, infrastructure plans should prioritize moderate numbers of road intersections to improve traffic efficiency and decrease emissions associated with intermittent circulation. Third, planning conventions should promote a mix of land uses and main roads to lessen the frequency of stops/starts of cars. Moreover, an element beyond the scope of this paper, but with obvious implications is the promotion of greener technology for cars and buses. Low to zero emission transportation is an important mitigation mechanism that does not rely on changes of the underlying infrastructure.
Constrained by data availability, our findings, based on cross-sectional data, can only attest to the correlation between the built environment and PM 2.5 rather than a causal relationship. In addition, the mechanism underlying the positive link between density and PM 2.5 concentrations was only proposed and not empirically revealed in this paper. If data are available in the future, the mechanism should be further explored in detail. Author Contributions: S.H. designed the study, conducted the model analysis and wrote the manuscript; B.S. put forward the idea, guided the research and revised the manuscript; and all of the authors contributed to the paper.
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